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Reply to A. Pfob et al
We thank Pfob et al1 for their insightful perspective and
recent contribution with respect to our article2 in JCO
Clinical Cancer Informatics. Indeed, they have raised
important points about machine learning (ML) methods
and modeling performances. Ultimately, robust data
provenance, model design, and transparency in the
reported frameworks will help demystify ML black box
models.3,4 In working toward standardizing practices,
this will boost confidence in ML algorithms for clinical
translation and applications. We would like to take this
opportunity to reply to their thoughtful commentary.

Although ML models are not new, it is apparent that
their applications across medical and scientific spe-
cialities are growing. Varying ML classifiers, feature
sets, and model complexity can raise questions about
selecting the optimal technique to handle prediction
tasks. To streamline this process, there are recent
initiatives to update standard reporting of ML frame-
works; for example, the TRIPOD (Transparent
Reporting of a Multivariable Prediction Model) state-
ment is undergoing an update to include a TRIPOD-ML
version.5 This recent effort emphasizes the demand for
increasing accessibility and understanding of ML ap-
proaches to clinicians. Additionally, data scientists are
encouraged to report model parameters, including
hyperparameters, kernels, and the preprocessing of
data while constructing the model.6,7

Pfob et al draw attention to some key considerations for
ML classification including (1) the importance of the
input data, (2) influences of tuning hyperparameters,
and (3) the need for external validation cohorts to yield
generalizable inferences on new data sets. We agree
with all those points. We further elaborate within the
context of neoadjuvant therapy (NAT) for breast
cancer below.

First, it is important to note that model inferences are
dependent on the underlying data (ie, the training set).
In essence, clinical data can carry inherent biases. For
example, a study population with predominantly triple-
negative breast cancer, which demonstrates high rates
of pathologic complete response to anthracycline-
taxane NAT, will inherently skew the model’s perfor-
mance metrics, regardless of tuning parameters intro-
duced into the algorithm’s pipeline. This consideration
is also important when partitioning the data (ie, random
splitting) into the training and test sets. Overall, there is a
risk of variable classification performances from ran-
dom partitioning when comparing models; therefore, it
is recommended that the same training or test sets are
used for all experiments.

Second, classification models demonstrate varying ar-
chitectures, with differing assumptions and limitations

on handling the input data. In tuning classifiers,
adjusting hyperparameter settings will affect prediction
values. Other considerations include feature reduction
operations to handle high-dimensional data, for ex-
ample, using principal component analysis, univariate
analysis, sequential feature selection, or correlation-
based methods. Not surprisingly, the final feature
sets that are loaded into a given model will yield al-
ternate decision boundaries and predicted labels.

Finally, the development of a decision support tool is a
multistep process. Among important elements related to
clinical translation, the use of standard reporting
methods (eg, patient characteristics, radiology, and
pathology), internal testing, and ultimately external
model validation transcends good practices in ML
methods. These approaches are also fundamental in
conventional regression models. These are, indeed,
some of the fundamental aspects of good clinical re-
search and are achieved by collaboration with and ex-
ecuting well-designed prospective trials. Many trials start
with single-institution data sets to provide a conceptual
framework before reaching external validation, which we
agree is a critical step for evaluation and deriving robust
generalizations from any given model. We hope to col-
laborate in the future to align interests in ML processes,
centered on the long-term goal of guiding treatment
strategies during NAT and in the adjuvant setting. These
are common objectives in other domains, such as ge-
nomics, radiomics, and other omics approaches.

Notwithstanding these important considerations, we
believe that ML frameworks have the potential to
transform precision oncology, but we agree that this
should be coupled with calculated optimism. The
overall potential impact includes high-performing pre-
diction and prognostic models that accurately represent
real-world patient cases and outcomes, yield mean-
ingful clinical signatures, and build upon the work of our
colleagues to establish cogent methods. Overall, we
share the same vision of improving patient care.

In conclusion, we thank Pfob et al for initiating some
important discussions surrounding ML frameworks.
Their expertise and insight have kindled deeper re-
flection on future ML work.
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